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SUMMARY
The main purpose of this article is to gain an insight into the relationships between variables describing the
environmental conditions of the Far Northern section of the Great Barrier Reef, Australia. Several of the
variables describing these conditions had different measurement levels and often they had non-linear relation-
ships. Using non-linear principal component analysis, it was possible to acquire an insight into these relationships.
Furthermore, three geographical areas with unique environmental characteristics could be identiﬁed.
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1. INTRODUCTION
Identifying meaningful patterns and relationships among the environmental conditions under which
species occur is a fundamental part of understanding the community structure in any given region.
This article concentrates on the analysis of environmental characteristics which have been shown to
affect the distribution of animals living on or near the sea bottom in tropical and other areas (Somers,
1987; Chevillon and Richer de-Forges, 1988; Long and Poiner, 1994; Somers, 1994; Bourget et al.,
2003), and are generally easier to obtain, less damaging, and more reliable than the collection of
assemblage data.
Environmental data collected in ecological studies often involve a large number of observed
variables (descriptors) measured at numerous locations or stations (objects) in a relatively large
sampling region. In principle, the variables are measured as ratio or at least as continuous variables.
The standard method for analyzing this type of data is principal component analysis (PCA), which
searches for an optimal mean squared correlation between the original numerical variables and the
components (independent linear combinations of the descriptors, where the descriptors are constrained
to be numerical).
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However, when the relationships between variables do not qualify as linear, as is often the case with
ecological data (Gauch, 1982), linear modeling techniques may not perform well or correctly. Some-
times there exist subgroups which behave differently or have different relationships between the
variables that might be modeled by allowing some variables, although continuously measured, to be
handled as categorical variables. Thus, non-linear relationships and the inclusion of discrete (ordered or
unordered) variables should be allowed. This can be achieved using non-linear PCA, as described in Giﬁ
(1991) and incorporated in the CatPCA part of the SPSS module Categories (Meulman et al., 1999).
Here, we gain an insight into the relative values of the environmental variables across an area in the
Far North Section of the Great Barrier Reef using both a priori allocation of stations to ﬁve strata and
by partially exploiting the grid aspect (longitude and latitude) of the stations. In particular, we
investigate to what extent increasing non-linearity in the distributions of the variables leads to better
representations of the relationships between the variables for this data set. Similar analyses in other
domains are Kroonenberg et al. (1997), using peanut accessions, and Dominguez et al. (2003), using
Iberian ﬂora.
2. METHODS
2.1. Non-linear principal component analysis: a brief explanation
Non-linear PCA, as described in Giﬁ (1991) and more recently reviewed in Michailidis and De Leeuw
(1998), approaches the task of exploring the relationships among descriptors as an optimization
problem using an alternating least squares algorithm. This approach allows for descriptors of various
measurement types, including numerical, implying linear relationships, ordinal, implying monotonic
increasing relationships, and unordered (multi-) nominal, implying one-to-one relationships between
the categories of the variables. The measurement levels of the descriptors are then transformed into
quantiﬁcations. The algorithm searches for the optimal mean squared correlation between newly quan-
tiﬁed variables and the components by varying both the component loadings and their quantiﬁcations.
When all variables are treated as single numerical measurements, the solution is equivalent to linear
PCA.
Multi-nominal descriptors may be assigned separate quantiﬁcations for each component, especially
when one type of contrast between the categories is related to the descriptors in the ﬁrst component,
and a different type of contrast is related to the descriptors in another component. For cases in which
all variables are treated as multi-nominal, the solution is equivalent to multiple correspondence
analysis (Giﬁ, 1991).
2.2. Determining the measurement levels of the variables
To determine the optimal measurement type for all of the variables with respect to their mutual
relationships, three different non-linear PCAs were conducted on the standardized environmental
variables to evaluate the extent of non-linearity. The variables were respectively treated as (i) all being
numerical, (ii) all ordinal under the restriction that the transformation of the original values of the
variables should follow second-order I-splines with two interior knots (for a justiﬁcation, see Ramsay,
1988), and (iii) all being unordered multi-nominal variables with separate quantiﬁcations for each
(here, two) dimensions. For the latter case, the numerical variables were divided into seven normally
distributed unequal categories. Seven categories were deemed sufﬁciently large enough to approx-
imate continuity while still leaving enough values per category.
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The key idea was that if there was only a small increase in correlation between a component and the
quantiﬁed variable when going from a restricted to a less restricted measurement type then there was
no value in doing so. In other words, all variables were to be treated as numerical variables unless there
were convincing reasons for not doing so. Variables having small component-variable correlations
(< 0.20) were removed from further analyses. Two ﬁnal analyses were conducted, one using the
numeric measurement type for all remaining variables, and one using the most favorable measurement
type for each variable.
2.3. Origin of the data
The analyses were conducted using collated data from two previous studies by the Commonwealth
Scientiﬁc & Industrial Research Organization (CSIRO) and the Queensland Department of Primary
Industries (QDPI). These data were collected for the purposes of inventory, mapping and relating
seabed biota to various environmental conditions in order to support management for ecological
sustainability. The data contained 19 environmental variables (Table 1) measured at 206 locations
(stations) in an area of approximately 8000 km2, closed to all ﬁshing, in the Far Northern Section of the
Great Barrier Reef. This closed area of the Far North Section, commonly referred to as the ‘Green
Zone’, extends cross-shelf with a priori strata classiﬁcations that included the inshore lagoon (strata
A), the inshore reefs and islands (strata B), the mid-shelf shoal and reef zones (strata C), the offshore
reef and shoal zones (strata D), and the outer barrier ribbon reef (strata E). For practical reasons
the stations were not laid out on a perfect grid but they form a good coverage of the area encompassing
the Green Zone and surrounding areas. Missing data occurred for some stations due to poor weather
conditions and/or equipment failure during collection. In these cases, additional data on the same
variables measured at similar locations as the stations in the previous surveys were made available by
CSIRO, which had collected and compiled information from various external sources. For additional
information regarding the data see Poiner et al. (1998) and Pitcher et al. (2002).
3. RESULTS
3.1. Removal of outlying stations
Initial PCA analyses using both numerical (linear PCA) and categorical measurement types (non-
linear PCA) suggested that six stations were sufﬁciently different from all the other stations in regard
to the second component, obscuring other interesting aspects of the data. These stations are all located
in the outer lagoon (strata E) and are the ones identiﬁed as having high levels for NITRATE,
PHOSPHATE and SALINITY. Consequently, these stations were removed for further analyses and
addressed separately in relation to incorporating the grid aspect.
3.2. Classiﬁcation of measurement type
The results of the ﬁt and the component-variable correlations for the three types of analyses treating
variables as (i) all numerical, (ii) all spline ordinal and (iii) all unordered multi-nominal variables are
presented in Table 2, along with the two analyses using the reduced set of descriptors (mixed
measurement types (non-linear), and numerical measurement types (linear)). In principle, the
unordered multi-nominal solution has the highest component-variable correlations. Table 2 shows
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that for the ﬁrst two dimensions, as much as 10 per cent gain can be made by introducing increased
freedom of transformation. Based on largely subjective judgments about what constituted a large
enough gain (increased component-variable correlation), it was decided that a relaxation of the
measurement type would be considered for gains of 10 per cent or greater.
The results of the 1st dimension indicated that no relaxation of the numeric measurement type was
necessary for the variables CURRENT, MUD, GRAINSIZE, TEMP, OXYGEN and SILICATE. The
spline ordinal classiﬁcation for SAND was based on the increased correlation in the ﬁrst dimension
(0.30 to 0.44), and SLOPE was redeﬁned based on the increase in correlation with the second
dimension (0.04 to 0.20). CARBONATE was also classiﬁed as spline ordinal based on the increased
correlation in the ﬁrst dimension (0.39 to 0.56). BATHYMETRY and IRRADIANCE retained the
numerical classiﬁcation based on the correlations in the 2nd dimension. Finally, PHOSPHATE,
CHLOROPHYLL.A and NITRATE greatly beneﬁted from a redeﬁnition as unordered multi-nominal
variables with independent quantiﬁcations for both dimensions. The variables ASPECT, GRAVEL and
SALINITY were dropped in the reduced analyses due to their low component-variable correlations,
Table 1. Descriptions of environmental variables measured in the Far Northern Section of the Great Barrier
Reef. Mixed measurement types employed in this study are also given (for details and explanation see Section 2,
Methods)
Variables Description—units Classiﬁcation of data used
in the mixed analysis
LATITUDE original latitude of sampling site waypoint, degrees Numerical—supplementary
LONGITUDE original longitude of sampling site waypoint, degrees Numerical—supplementary
STRATA a priori expectations of cross-shelf bio-physical Labeling—5 categories
differences: A¼ inshore lagoon, B¼ inshore reef
and islands, C¼ inshore reef-shoal, D¼ offshore
reef-shoal, E¼ outer lagoon
BATHYMETRY bathymetry depth, m Numerical
ASPECT derived aspect from bathymetry Not included
(direction of slope), degrees
SLOPE derived slope from bathymetry Spline ordinal
CURRENT bottom current stress, m/s Numerical
GRAVEL percent gravel Not included
SAND percent sand Spline ordinal
MUD percent mud Numerical
GRAINSIZE characteristic grain size—phi Numerical
TEMP temperature, degrees C Numerical
NITRATE nitrate, mM Multi-nominal
OXYGEN oxygen, m/L Numerical
PHOSPHATE phosphate, mM Multi-nominal
SILICATE silicate, mM Numerical
SALINITY salinity, ppt Not included
CHLOROPHYLL.A seawifs mean chlorophyll-a, mg/m3 Multi-nominal
IRRADIANCE seawifs derived benthic irradiance, relative to Numerical
sea surface at equator, estimated from latitude,
mean diffuse attenuation coefﬁcient at wavelength
490 nm units/m, and bathymetry
CARBONATE percent carbonate Spline ordinal
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indicating their small to negligible contribution to the solution. LATITUDE and LONGITUDE were
only used as supplementary variables, and did not factor in the determination of the principal axes.
CARBONATE might also have been classiﬁed as multi-nominal based on the increased correlation
on the second dimension (0.06 to 0.00 to 0.30), but it was decided that a spline ordinal transformation
would sufﬁce based on the joint graph of the standardized variables versus a common reference, i.e.
LONGITUDE (not shown). The basic idea behind this graph was to investigate the relationships
between variables as this often highlights non-linearities and outliers.
3.3. Comparison of numerical and mixed measurement types
The categorical (non-linear) principal component analysis using the reduced set of descriptors
(indicated by ‘reduced mixed’ in Table 2) was performed using the quantiﬁcations resulting from
the previous investigations. Very strong correlations were recorded between LONGITUDE and the
water quality variables PHOSPHATE, CHLORPHYLL.A and CARBONATE, and the physical
variables CURRENT, MUD and SAND (in decreasing order of magnitude). These variables also
recorded strong correlations with each other, apart from SAND with CARBONATE (0.39) and SAND
with CURRENT (0.35). NITRATE had moderate correlations with CHLORPHYLL.A (0.58), LONG-
ITUDE ( 0.056) and PHOSPHATE (0.52). BATHYMETRY and IRRADIANCE recorded a high
positive correlation (0.83), which is to be expected as IRRADIANCE is partly measured using
BATHYMETRY. The major differences between the correlations above and the correlations calculated
from the reduced analysis using numerical measurement types were the increase in correlations of
CHLORPHYLL.Awith LONGITUDE ( 0.65 to  0.77), SAND and LONGITUDE (0.47 to 0.55),
and NITRATE with CHLORPHYLL.A (0.01 to 0.58), LONGITUDE ( 0.02 to  0.56) and
PHOSPHATE (0.36 to 0.52).
Figure 1 shows the resulting triplot (objects, loadings, centroids) using the optimally quantiﬁed values
for the 16 environmental variables using the 1st and 2nd principal component vectors, and component
(station) scores for stations coded by strata. The interpretation of Figure 1, in regard to the variables
classiﬁed as numerical, is analogous to the interpretation of the results displayed in a biplot, in that object
(station) scores may be projected onto the descriptors (environmental variables). For variables classiﬁed
as spline ordinal, the interpretation of the results is similar, with the categories lying on a straight line
through the origin. Variables classiﬁed as multi-nominal display the co-ordinates of the centroid of the
stations scoring in that category (within the accuracy of the approximation).
The water quality variables PHOSPHATE and CHLOROPHYLL.A show a strong inshore/offshore
gradient in both analyses (numerical and mixed) as a result of their high correlations with LONG-
ITUDE, but by using the more restricted measurement classiﬁcation (i.e. multi-nominal), differences
within the inshore (strata A and B) and offshore (strata D and E) regions can also be identiﬁed. The
multi-nominal transformation for PHOSPHATE not only increased the component-variable correla-
tion in the ﬁrst two dimensions (0.63 to 0.75 and 0.03 to 0.68, respectively) (Table 2), but visually
helped separate the offshore stations placing 13 stations in category 1 (lowest PHOSPHATE levels, ten
of which were located in the outer lagoon (strata E)), 22 stations in category 2, and the rest of the
offshore stations (excluding three stations in strata E) in category 3. A group of inshore stations (nine
in total) located in the inshore lagoon (strata A) were also separated from the other stations, and were
all classiﬁed into category 4, while the majority of the inshore stations were classiﬁed into categories
5, 6 and 7 (highest PHOSPHATE) (Figure 1). A similar group of stations (11 in total) were identiﬁable
using the numerical measurement type (not shown), but appeared to be more inﬂuenced by
BATHYMETRY.
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A similar pattern is seen for CHLORPHYLL.A with increases in the variable-component
correlations (0.46 to 0.63 and 0.08 to 0.52) (Table 2), highlighting the tremendous difference among
offshore stations between category 1 (lowest CHLORPHYLL.A) and category 2. The 34 offshore
stations classiﬁed as having category 1 CHLORPHYLL.A (lowest levels) included those offshore
stations with category 1 PHOSPHATE levels. Nine inshore stations were classiﬁed as having category
6 CHLORPHYLL.A (highest levels), and included eight of the nine separated stations (located in
strata A) with category 4 PHOSPHATE (Figure 1).
NITRATE also beneﬁted from a multi-nominal transformation, increasing the variable-component
correlation from 0.0 to 0.34 in the ﬁrst dimension and from 0.05 to 0.43 in the second dimension
(Table 2). Figure 1 showed separation between categories 1 and 2 (16 offshore stations with low
NITRATE) and categories 6 and 7 (eight offshore stations, all located in strata E, with high
NITRATE). All of the stations with low NITRATE also recorded low PHOSPHATE and CHLOR-
PHYLL.A levels.
CARBONATE, SAND and SLOPE all beneﬁted from a spline ordinal classiﬁcation. CARBONATE
and SAND both had increases in variable-component correlations in the ﬁrst dimension (0.41 to 0.56
Figure 1. A triplot of the optimal scaled values for the 16 standardized environmental variables (reduced) using the mixed
measurement type analysis along the 1st and 2nd principal component vectors. Variables classiﬁed as mulit-nominal are
represented by the category centroid. P1–P7¼PHOSPHATE; C1–C6¼CHLOROPHYLL.A; N1–N7¼NITRATE. Object
scores for stations are coded by strata: A (!); B(~); C(&); D(^); E(). LONGITUDE and LATITUDE were used as
supplementary variables. ABecause there are multiple nominal variables the percent of explained variance is not the sum
over dimensions
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and 0.33 to 0.45, respectively) showing a strong longitudinal gradient between inshore stations (low
levels) and offshore stations (high levels). SLOPE had an increased correlation in the second
dimension (0.04 to 0.32), but an investigation of the quantiﬁed variables suggested that it did not
contribute much to the separation among inshore and offshore stations.
In the mixed measurement type analysis, the variable-component correlations for the numeric
variables were generally consistent with the correlations obtained by treating all variables as numeric,
and characterized stations located in the inshore regions as having high percentages of MUD, and
greater concentrations of OXYGEN and SILICATE, and characterized offshore stations as having
stronger CURRENT. The differences between the analyses were the decreased variable-component
correlations (importance) of BATHYMETRY and IRRADIANCE in the second dimension.
3.4. Incorporating the grid aspect
The quantiﬁcations obtained from the mixed measurement (non-linear) PCA analysis were used to
project the categories for the variables with the less restricted measurement type (i.e. PHOS-
PHATE, CHLORPHYLL.A, NITRATE, SLOPE, SAND and CARBONATE) onto the geographical
space using the LONGITUDE and LATITUDE of the stations. This was done for three particular
groups of stations. The ﬁrst group contained 10 stations classiﬁed by the highest levels of
CHLOROPHYLL.A (category 6). These stations were also identiﬁed as having low CARBONATE
(category 1), low NITRATE (category 2) and moderate levels of PHOSPHATE (category 4). The
second group contained 13 stations classiﬁed by the lowest levels of PHOSPHATE (category 1).
These stations were also identiﬁed as having low CHLOROPHYLL.A (category 2), low NITRATE
(category 2), low slope values (category 1) and the highest CARBONATE levels (category 5). The
third group contained eight stations classiﬁed by the highest NITRATE levels (category 7) and
CARBONATE levels (category 5). The six previously deleted stations identiﬁed as having high
levels for NITRATE, PHOSPHATE and SALINITY levels were also included in the geographical
locality plot (Figure 2).
Figure 2 shows that stations in group 1 are geographically located in a particular region, namely the
southern part of the Green Zone around the Macarthur Islands and Shelbume Bay. The stations in this
group are the ones close to the shoreline and are near Hammer Creek, one of a few direct fresh water
inputs into the Green Zone. CHLOROPHYLL.A is often used as a surrogate measure of water column
nutrients (Devlin et al., 1999), which are inﬂuenced by river runoff, urban discharge and wind-forced
sediment loads (Brodie and Furnas, 2001). As mentioned previously, this group of stations was also
identiﬁable in the linear PCA, but their separation appeared to be explained by IRRADIANCE and
BATHYMETRY. However, given the above geographical information, the results of the non-linear
PCA better explain this grouping of stations. Less geographical structure is seen for groups 2 and 3, but
stations in group 2 generally were positioned in the offshore lagoon in the immediate areas to the north
and south of the Green Zone.
With respect to further analyses of these data, it should be remarked that the regular distribution of
the stations across the area creates interesting possibilities for the analysis of the data, in particular
with respect to the relationships between the variables. In fact, it could be useful to superimpose a
square grid on the data collection area and average the observations within a cell of the grid. Missing
values could be assigned for those cells without a station or alternatively some kind of smoothing
could be applied for the data as a whole with a mesh-size to be determined (see Chapter 13 in Legendre
and Legendre (1998) for an overview and further literature on the subject of spatial analysis). Treated
in this way the spatially arranged data could be analyzed as multivariate imaging data—see, for
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instance, Geladi and Grahn (1996). While this approach was not exploited in this article, it will be a
subject for further investigation.
On the basis of replacing the stations by a longitude–latitude grid, the values of each variable could
be conceptualized as the (average) scores on that variable for each square of the grid. The total data for
all variables is then a three-dimensional cube of longitude by latitude by variables, and this data block
can be analyzed with three-mode methods (Kroonenberg, 1983) or with multivariate imaging
software. An additional advantage of this arrangement is that the information on the biomass of
species, which is available in another data set (stations by species), can be treated in the same
framework. Then, the species are treated as additional slices of the three-way data array, or the two
data sets could be analyzed by three-mode two-block models (Smilde et al., 2000) with one criterion
array (species) and one predictor array (environmental variables). Going down this road is far from
trivial as there are around 900 species, some of which are very localized and are therefore difﬁcult to
analyze in relation to the other variables. Moreover, no experience has been gained in applying these
types of models to this kind of data.
Figure 2. Geographical position in and around the Green Zone (shaded area) in the Far Northern Region of the Great Barrier
Reef, Queensland, Australia for sampling stations allocated into a group using their quantiﬁcations obtained from the mixed
measurement (non-linear) PCA analysis: Group 1 (!); Group 2 (*); Group 3 (). The six previously deleted stations were
recoded using a cross ( )
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4. CONCLUSION
By treating the descriptors (environmental variables) as a variety of measurement types, the use of
non-linear principal components analysis (PCA) provided a gain in explained variation of 10 per cent
for the 1st dimension and 6 per cent for the 2nd dimension. More importantly, a better separation
between regions (strata) and stations within regions became possible. In particular, three separate
groups were identiﬁable in addition to the separation between inshore and offshore stations. Some
evidence for the separation of the inshore group, as determined by the correlation between two
variables, was apparent in the 2nd dimension of the biplot using the standard (linear) PCA. However,
the results of the triplot using non-linear PCA showed this 2nd dimension more as a representation of
four key variables plus a few others with smaller loadings, and when combined with the geographical
information, not only provided conﬁrmation of this distinct group, but also provided an insight into the
relationships between this group and other groups in different regions. The results from this analysis
can be combined with data collected on species to investigate the relationships between species and
environments and/or for predicting species based on the environmental proﬁle of a region or selected
area.
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